Motivation: The identification of contaminating sequences in a de novo assembly is challenging because of the absence of information on the target species. For sample types where the target organism is impossible to isolate from its matrix, such as endoparasites, endosymbionts and soilharvested samples, contamination is unavoidable. A few post-assembly decontamination methods are currently available but are based only on alignments to databases, which can lead to poor decontamination.
Introduction
Transcriptomics is essential to gain knowledge about molecular functions in complex organisms. Next-generation sequencing (NGS) allows molecular biology to be scaled to the whole-genome level in a cost-effective way. RNA sequencing (RNA-seq) is an NGS method that has improved gene expression quantification remarkably over the past decade (Wang et al., 2009) . One of the main advantages of RNA-seq is that it does not require prior information on the genome or transcriptome of the target organism to monitor gene expression, a very useful feature for non-model organisms lacking a wellannotated reference genome (Robertson et al., 2010) . De novo transcriptome assembly builds a list of transcripts that gives a good representation of the real transcriptome, using only the RNA-seq reads as input. It is a popular, fast and cost-effective way to improve transcriptomic analyses. However, de novo assembly is a challenging task that requires caution to avoid errors and thereby obtain the best estimation of the 'real' transcriptome (Yang and Smith, 2013) . Currently, mainstream sequencing technology produces very highquality reads of about 100-300 bp. Powerful algorithms are needed to reconstruct the original transcripts by overlapping short reads. Those algorithms can manage hundreds of millions of reads but are time-consuming and require a great deal of memory.
For most organisms, no reference genome or transcriptome is available. It is therefore difficult to evaluate the quality of a de novo V C Crown copyright 2016.
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Bioinformatics, 33(9), 2017, 1293-1300 doi: 10.1093/bioinformatics/btw793 Advance Access Publication Date: 30 December 2016 Original Paper assembly (Ghangal et al., 2013) . In recent years, many new de novo algorithms have been developed to assemble short reads based on the de Bruijn graph concept (Compeau et al., 2011) , and most of those algorithms are open source. The most popular algorithms include Trinity (Grabherr et al., 2011; Haas et al., 2013) , Oases (Schulz et al., 2012) and SOAPdenovo-Trans (Xie et al., 2014) . Commercial software programs, including CLC Genomics Workbench (QIAGEN) and SeqMan NGen (DNASTAR), are also able to perform such assemblies. Post-assembly RNA-seq analyses, such as variant discovery and identification of differentially expressed genes (DEGs), are dependent on assembly quality (Davidson and Oshlack, 2014) . Many factors can influence the quality of a de novo assembled transcriptome (reviewed in Baker, 2012) . For example, assembly artifacts such as chimeras and redundant transcripts are always present (Yang and Smith, 2013) . These artifacts increase the total number of transcripts, which decreases the statistical power of post-assembly analyses (Baker, 2012) . In a perfect transcriptome, every existing transcript is represented by a unique contig. In practice, this is never the case, because the clustering algorithms of de novo assemblers are implemented in such a way to find a compromise between sensitivity and accuracy (Compeau et al., 2011) . Until an affordable technology capable of producing long reads of very high quality is readily available, the post-assembly removal of chimeras and isoforms produced by misassemblies will continue to be required.
Biological contaminants in samples can also be a major factor affecting assembly quality. In the absence of a reference genome, it is difficult to identify contaminating transcripts with certainty. Sometimes, it is simply impossible to avoid the presence of contaminant RNA in samples. For example, cyst nematodes are harvested from soil, where a plethora of organisms is present. Bacteria, fungi, pollen, plant matter and so on can be found on the surface or inside the cysts. Consequently, contaminating mRNAs will be sequenced together with the mRNAs of the target organism. Because of their short length, those contaminating reads cannot be discarded prior to the de novo assembly process, creating much more complex de Bruijn graphs and increasing the number of transcripts and assembly artifacts. These additions created by the contaminating reads inflate the transcriptome size (Yang and Smith, 2013) . As long as a reliable reference genome for a given species is not available, a decontamination step will be required for de novo transcriptomes assembled from contaminated samples. Existing decontamination methods are not suited to improve de novo transcriptome assemblies containing multiple or unknown contaminants.
Several transcriptome decontamination methods have been proposed. Among them, DeconSeq (Schmieder and Edwards, 2011) aligns the reads or transcripts to a white list and a black list. The white list is a database containing sequences from the organism of interest, if available, or from a closely related species. The black list contains sequences from known contaminating organisms. Since the latter can be hard to identify (for example, many soil-borne organisms have yet to be discovered), one method to obtain an overview of the types of organisms present in the sample consists of running a BLAST analysis of the raw transcriptome assembly and listing the organisms present. The main drawback of database-dependent decontamination methods such as DeconSeq is that their efficiency relies on data availability and quality. A good decontamination method will maximize the removal of contaminating contigs while minimizing the removal of valid contigs. Another databasedependent tool for post-assembly transcriptome decontamination is mRNAmarkup (Brendel and Standage, unpublished). Its main difference from DeconSeq is that mRNAmarkup uses multiple database types (white list, conserved domains and full-length cDNAs) to identify contaminating transcripts.
Database-dependent methods are usually restricted to the decontamination of known model organisms, such as humans (Schmieder and Edwards, 2011) . In other cases, database-dependent methods are less efficient, because many transcripts align to neither or both of the white and black lists. Such ambiguous situations can lead to errors in contaminant identification and removal.
The methods outlined above are not suited for decontamination involving unknown or multiple contaminants. We explored new approaches using algorithms that do not depend solely on database alignment. Kumar et al. (2013) developed a new approach using GC content and coverage to identify and remove contaminating sequences from genome assembly (Koutsovoulos et al., 2016) . It is a new and interesting approach for decontamination but is not adapted for transcriptome decontamination, because transcript sequences have shorter lengths and because RNA coverage varies depending on gene expression. Recently, a new transcriptome decontamination method based on the low probability of finding the same contaminant in every replicate was developed in our lab (Duceppe, publication in preparation). Transcripts that are not present in every replicate, when all treatments are considered together, are eliminated. This method is purely numerical and thus independent of alignments or database quality. It is based only on gene expression counts. However, it is highly dependent on the experimental design and the quality of the RNA-seq data. The algorithm is more efficient when many treatments and replicates are available and when the risk of having all the same contaminating organisms in all the samples is minimized. Recently, Xiong et al. (2014) developed a divisive hierarchical clustering algorithm for categorical sequences named MCSC, for Model-based Categorical Sequence Clustering. This alignment-free algorithm has previously shown good performance for clustering protein sequences (Xiong et al., 2011) as well as for clustering viroid RNA sequences obtained using 454 technology (Glouzon et al., 2014) .
In this study, we developed a new decontamination pipeline for assemblies that is based on the MCSC algorithm. Our method can effectively clean de novo assembled transcriptomes from two different types of samples: (a) golden nematode cysts highly contaminated with unknown soil-borne microorganisms and (b) carrot weevils infected with a parasitic nematode. The method was assessed by mixing in silico the published transcriptomes of the nematodes Globodera rostochiensis and Caenorhabditis elegans. The feasibility of applying the decontamination pipeline to raw reads was also evaluated.
Methods

Datasets
Four different contaminated datasets were used to test our new decontamination pipeline. The first was a de novo transcriptome from G. rostochiensis contaminated with a plethora of soil-borne microorganisms. See Supplementary Information S1 for RNA-seq details. The second dataset was a de novo transcriptome from the carrot weevil Listronotus oregonensis contaminated with the nematode Bradynema listronoti, a known parasite of the carrot weevil (Zeng et al., 2007) . See Supplementary Information S2 for RNA-seq details. The third dataset was generated in silico using a mixture of the transcriptome of C. elegans (C. elegans Sequencing Consortium, 1998), a free living nematode, and a G. rostochiensis (potato cyst nematode) reference transcriptome (Eves-van den Akker et al., 2016) . Finally, to test whether the MCSC algorithm could identify contaminants in short reads before any assembly steps, we used a dataset consisting of raw reads from Ion Torrent sequencing of a DNA sample from a G. rostochiensis cyst (bioproject accession number PRJNA314586).
De novo assembly
Reads obtained from RNA-seq experiments on G. rostochiensis and L. oregonensis were trimmed from the 3 0 end with a minimal Phred score of 30 using the Trimmomatic 0.30 tool (Bolger et al., 2014) . Illumina sequencing adapters were removed. Trimmed reads shorter than 32 bp were discarded, and unpaired reads were kept for the assembly. Normalization of trimmed reads (30Â coverage) was performed using the Trinity normalization utility (Grabherr et al., 2011; Haas et al., 2013) to reduce memory requirements and decrease assembly runtime. The de novo transcriptome assembly was performed with Trinity 20131110 using the 30Â-normalized reads as input and with the default parameters, except for the minimum contig lengths, which was set to 300.
Gene clustering and chimera removal
Transcriptomes were submitted to the Corset software (Davidson and Oshlack, 2014) with default parameters. Corset clusters transcripts to group isoforms, remove clusters with fewer than 10 supporting reads and produce a gene-level expression table. From each fasta file built by Corset, chimeras were removed using the recursive chimera detection script of the mRNAmarkup pipeline (Brendel and Standage, unpublished) with NEMBASE4 (Elsworth et al., 2011) as a reference database. Details of this database are described below. The reduced transcriptomes were used to test the decontamination methods.
Decontamination methods
We compared the MCSC method against three other methods. The CCRbC decontamination method is described in Supplementary Information S3 and was implemented in R. DeconSeq (Schmieder and Edwards, 2011 ) using default parameters with white and black lists as described in the Databases section below. We also used a BLAST transcriptome decontamination method (Altschul et al., 1997) that consists of keeping only transcripts that have a BLAST hit in the nematode database NEMBASE4 described in the Databases section. This method was used to evaluate a simple BLAST method with only one database versus more complex methods.
Databases
Many decontamination methods, such as DeconSeq and mRNAMarkup, are database dependent. They usually require a white list or a black list. NEMBASE4 (Elsworth et al., 2011) , a database containing clustered expressed sequence tag datasets from 63 different nematode species, was used as the white list for the G. rostochiensis transcriptome. The black list for the G. rostochiensis transcriptome included the transcriptomes of the top-hit non-nematode species identified by a BLAST analysis of the raw Trinity transcriptome against the non-redundant database of NCBI ( Fig. 1) . For the L. oregonensis transcriptome, the white list consisted of a combination of the transcriptomes of three related species: Acyrthosiphon pisum (PRJNA13657), Tribolium castaneum (PRJNA12540) and Dendroctonus ponderosae (PRJNA162621). The black list consisted of all sequences available in the NEMBASE4 database (Elsworth et al., 2011) . All BLAST databases were built with the 'makeblastdb' command in BLASTþ 2.2.29þ, and all DeconSeq databases were built as described by Schmieder and Edwards (2011) . The MCSCbased decontamination method uses the UniRef90 database (Suzek et al., 2007) to identify contaminant clusters (groups of sequences). The databases were built using the 'makedb' function in DIAMOND (Buchfink et al., 2015) .
MCSC decontamination method
The MCSC algorithm clusters sequences based on a weighted conditional probability distribution (WCPD) model. This statistical model allows the algorithm to build an effective representation of each cluster by using a probabilistic suffix tree and to compute sequence-cluster similarities instead of the typical sequence-sequence similarities computed by other database-dependent algorithms. The WCPD model is a high-order Markov model with variable memory lengths. This particularity allows it to model each cluster of sequences by making optimum use of frequent patterns found within sequences without having to set in advance the length of the actual patterns or explore all the patterns of specific lengths. The MCSC is a divisive hierarchical algorithm, which means that it builds a cluster hierarchy by successively dividing clusters represented by leaf nodes of the hierarchy under construction. At the beginning, there is only one cluster, which contains all the sequences. The division of a cluster is performed via a two-tier process described in the next paragraph. The division process can be terminated according to some sophisticated criterion such as information gain; in practice, however, the process is terminated based on simple thresholding, such as the minimum number of sequences below which no division is made. The two-tier division process (Fig. 2 ) designed for the MCSC algorithm aims to make division more effective. It works as follows. A first-order Markov model is built for each sequence in the cluster to be divided. The transition probabilities of the first-order Markov model give rise to a vector representation of the sequence. Using the vector representation of each sequence, the MCSC algorithm splits the cluster into two preliminary (sub)clusters based on fuzzy multiple correspondence analysis (Xiong et al., 2014) . This is equivalent to performing the division based on a singular value decomposition approach. Although this preliminary division could be done by a random method, it was shown that using this first-order Markov model-based division significantly improves the quality of the results. After the preliminary division, a statistical center is calculated for each (sub)cluster, and the chi-square similarity of each sequence is computed with respect to each (sub)cluster. A sequence is reassigned to the other (sub)cluster if the sequence is more similar to that cluster. When these reassignments based on the first-order Markov model have been completed, a WCPD model is built for each cluster, and some reassignments are performed for final improvement. Finally, the worst cluster is identified for further division using the same procedure. This division process is run recursively until it reaches the desired clustering level in terms of the number of clusters.
To identify contaminants, we first used the MCSC algorithm to cluster sequences. The algorithm was used as described in Xiong et al. (2014) , except that the original stopping criteria were replaced by a fixed number of clusters. Multiple clustering levels were tested, from 2 to 32 clusters (one to five iterations). After the clustering, a DIAMOND BLAST analysis (Buchfink et al., 2015) of all sequences against the UniRef90 database, described above, was used to compute a white list ratio (WR) for each cluster.
The WR uses the bit score (alignment score) of the best BLAST hit for each transcript. The WR is the sum of the bit score for the targeted taxonomic group divided by the sum of all bit scores. Users can also choose the taxonomic level (class, family, etc.) for the WR calculation in case the contaminants are from the same phylum. The method also includes automatic selection of the best clustering level. This level is determined by computing the sum-of-squares (SS) ratio (within SS divided by the total SS) of a k-means clustering (k ¼ 2). The clustering level with the highest within-SS ratio is selected. Then, we use the group from the twomeans clustering with the highest WR to form the decontaminated transcriptome. This ensures the selection of the clustering level that shows the greatest difference between the two groups according to the WR.
Comparison of decontamination methods
Multiple strategies were used to evaluate decontamination efficiency. First, the transcriptomes obtained with the four decontamination methods described above were compared with the reduced de novo transcriptome (non-decontaminated) and the G. rostochiensis reference transcriptome (Eves-van den Akker et al., 2016) . All these transcriptomes were BLASTed against the NCBI non-redundant protein database (Pruitt et al., 2007) . From these results, we computed the species distribution of the best hit for each transcript using Blast2GO (Conesa et al., 2005) . Secondly, for G. rostochiensis, we performed a BLAST analysis of every de novo transcriptome against the reference transcriptome to compute how many genes of the reference were covered by at least one hit (E-value < 1e-50). Then, the lists of DEGs (P < 0.05, false-discovery-rate-corrected) before and after decontamination were compared. The DEGs were identified with the DESeq2 R package (Anders and Huber, 2010; Love et al., 2014) using the count tables produced by Corset (Davidson and Oshlack, 2014) as input and by doing pairwise comparisons between hydrated cysts (reference) against all other conditions. To evaluate the gain in statistical power, we computed the mean P-value and adjusted P-value of all common DEGs between transcriptomes. We also compared the DEGs found in de novo transcriptomes with those obtained using the reference transcriptome. Using the 'BLASTn' command, we computed the number of common DEGs (E-value < 1e-10) and the percentage of DEGs that had a BLAST hit on the G. rostochiensis reference genome.
Simulated contamination
To evaluate its efficiency precisely, we used the MCSC decontamination method to decontaminate the transcriptome of the golden cyst nematode G. rostochiensis from the free-living nematode C. elegans. The contaminated transcriptome was created artificially by shuffling transcripts from both reference transcriptomes. The resulting mixture of sequences was then processed by the MCSC method. Then, the number of transcripts of each organism in each cluster was computed.
Decontamination of raw reads
We evaluated the raw-read decontamination ability of the MCSC method on 366 956 reads from G. rostochiensis contaminated by exogenous DNA by comparing the species distribution of the raw reads and the MCSC-decontaminated reads. We also performed a BLAST analysis of all the reads against the G. rostochiensis reference genome to compute the number of hits for the raw and decontaminated reads.
Results
Sequencing of the G. rostochiensis and L. oregonensis RNA-seq libraries generated about 511 million and 151 million 100-bp paired-end reads, respectively. Raw transcriptome assembly with Trinity produced 679 382 transcripts for G. rostochiensis and 293 441 transcripts for L. oregonensis. The reduced transcriptomes, after chimera and redundant isoform removal, contained 122 553 and 70 507 transcripts, respectively. These reduced transcriptomes were used to test the decontamination methods.
G. rostochiensis transcriptome decontamination
The reduced G. rostochiensis transcriptome decontaminated using the CCRbC method had 92 426 transcripts that were expressed in all replicates of all treatments with a minimal count of 10. The Figure 3 . The best clustering level was determined by selecting the highest SS ratio from a k-means clustering (k ¼ 2) of each level. As the clustering level increased, the number of sequences per cluster decreased, thus reducing the accuracy of cluster assignment. Therefore, the highest SS ratio is at the level n ¼ 3 (eight clusters; Supplementary Table S4) . From these eight clusters, the decontaminated transcriptome is the group of clusters identified by the k-means method with the highest WR. These three clusters contained 33 806 transcripts. All G. rostochiensis transcriptomes were BLASTed, and their tophit species distributions were compared. The reduced transcriptome, which was used as input to the decontamination methods, had only seven nematode species among its top-hit species, and the best nematode species (Loa loa) was in second position (Fig. 4A ). The DeconSeq transcriptome had almost the same representation of nematodes in its top 20 species (Supplementary Fig. S1A ). The CCRbC ( Supplementary Fig. S1B ) and BLAST ( Supplementary Fig. S1C ) decontamination methods also had only seven nematodes species in the top 20, but Loa loa was in second position, behind the protozoan Acanthamoeba castellanii, which ranked first in all previous transcriptomes. The MCSC method was the most efficient decontamination method, with 14 nematode species out of the top 20 species and an all-nematode top 5 (Fig. 4B) . Finally, the reference transcriptome (predicted genes from the genome sequence) had 15 nematodes species in the top 20 and an all-nematode top 5 as well (Fig. 4C) .
We evaluated the coverage percentage of each de novo transcriptome on the reference transcriptome. Among the 122 553 transcripts of the reduced transcriptome, 24 354 (5.03%) had a BLAST hit (E-value < 1e-50) on the reference transcriptome, and those hits covered 11 928 genes, which represents a rate of coverage of 83.36%. In comparison, 20 730 (61.3%) of the 33 806 transcripts retained by the MCSC method had a good BLAST hit and covered 11 036 genes (77.1% coverage). All BLAST results on the reference transcriptome are summarized in Supplementary Table S1 .
To quantify the efficacy of the decontamination process, we compared the number and the similarity of the DEGs from the reduced transcriptome and the four decontaminated transcriptomes with the DEGs from the reference genome (Table 1 ). The MCSC transcriptome had a total of 1733 DEGs, in comparison with 3190 and 2508 DEGs for the CCRbC and reduced transcriptomes, respectively. Although the MCSC transcriptome had the lowest number of DEGs, 95% of them had a BLAST hit on the G. rostochiensis genome. In comparison, only 55% and 60% of the DEGs for the CCRbC and reduced transcriptomes, respectively, had a BLAST hit, suggesting a greater number of residual contaminating transcripts.
The statistical power was also increased with the MCSC decontamination method. Mean P-values were computed between the 1313 common DEGs found in the reduced, CCRbC and MCSC transcriptomes. Reduced Trinity DEGs had a mean false-discoveryrate-adjusted P-value of 1.38%, in comparison with 0.998% (significantly lower; t-test 99%) for the CCRbC transcriptome and Fig. 3 . Clustering evaluation of the of G. rostochiensis transcriptome: white list ratio (WR) of all clusters at different clustering levels. The dots inside the black rectangle are the three selected clusters that represent the decontaminated transcriptome at the optimal clustering level. SS ratio is below each clustering level 0.761% (significantly lower; t-test 99%) for the MCSC transcriptome. The results were similar for the non-adjusted P-value (Supplementary Table S2 ).
L. oregonensis transcriptome decontamination
Decontamination of the reduced L. oregonensis transcriptome with the MCSC algorithm required three iterations (n ¼ 3; eight clusters; Supplementary Table S4) for optimal results (Fig. 5) , yielding five clusters and including 53 328 transcripts. Top species distribution for the reduced transcriptome and the MCSC-decontaminated transcriptome is shown in Supplementary Figure S2 . Among the six most abundant species, only two were arthropods in the reduced transcriptome (pre-decontamination; Supplementary Fig. S2A ). In comparison, five of the six most frequent species were arthropods after the MCSC method was used (Supplementary Fig. S2B ).
Decontamination of a simulated sample
To further evaluate the efficiency of the MCSC decontamination method, the sequences of the published transcriptomes of two nematodes, G. rostochiensis (14 309 transcripts) and C. elegans (27 164 transcripts), were randomly shuffled. The mixed transcriptome (41 473 transcripts) was submitted to the MCSC clustering algorithm. We used the orders Tylenchida for G. rostochiensis and Rhabditida for C. elegans to compute the WR. The BLAST analysis of the transcriptome on the UniRef90 database showed only 358 transcripts with a hit on Tylenchida against 27 769 transcripts with a hit on Rhabditida (Supplementary Table S3) . The optimal clustering level was n ¼ 3 (eight clusters; Supplementary Table S4) , and despite having a very low WR, a group of three clusters (Fig. 6) formed the G. rostochiensis decontaminated transcriptome (12 937 transcripts). This transcriptome contains 11 564 (89%) transcripts of the original G. rostochiensis transcriptome, and the method eliminated 25 791 (95%) of the C. elegans transcripts.
Raw-read decontamination
For this experiment, a single iteration (two clusters) yielded the optimal clustering level (Supplementary Fig. S3 ). The selected cluster, containing 97 806 reads, was further analyzed to evaluate the efficiency of the MCSC algorithm in decontaminating raw reads. Top species distribution for BLAST hits of the non-decontaminated reads were mostly proteobacteria species, and no nematode species were present ( Supplementary Fig. S4A ). In contrast, the top-hit species of MCSCdecontaminated reads included seven nematode species among the top 11 ( Supplementary Fig. S4B ). BLASTing the raw reads on the draft genome of G. rostochiensis resulted in 49 818 hits out of 366 956 (14 %). When the same test was done with the MCSC-decontaminated reads, we obtained 42 203 hits out of 97 806 (43%). From the 49 818 reads that aligned on the genome, 42 203 were kept by the MCSC method and only 7615 were lost out of 269 150 eliminated reads.
Discussion
Sample contamination can be a serious issue for transcriptomic studies involving non-model species. Without a reference genome or transcriptome available, contaminating sequences are difficult to identify and remove. Their presence increases the total number of transcripts in de novo assembled transcriptomes and increases the occurrence of assembly errors such as chimeras. As a result, the overall quality of the assembly is decreased, as is the statistical power of post-assembly analysis (Davidson and Oshlack, 2014) .
Most of the current methods for decontaminating raw reads or transcriptome assemblies are based on sequence alignments Number of DEGs with a common DEG from the reference transcriptome (1e-10).
b Number of DEGs with a BLAST hit (1e-10) on the reference genome. Fig. 5 . Clustering of the transcriptome of L. oregonensis by the MCSC algorithm: white list ratio (WR) of all clusters at different clustering levels. The dots inside the black rectangle are the five selected clusters that represent the decontaminated transcriptome at the optimal clustering level. SS ratio is below each clustering level Fig. 6 . Clustering of the mixed transcriptome of C. elegans and G. rostochiensis: white list ratio (WR) of all clusters at different clustering levels. The dots inside the black rectangle are the three selected clusters that represent the decontaminated transcriptome at the optimal clustering level. SS ratio is below each clustering level (Schmieder and Edwards, 2011) . Because those methods are database-dependent, they are usually more successfully applied to model organisms. In that case, transcriptome decontamination can be done by using only a white list. For non-model organisms, when no reference sequences are available, populating the white list or black list can be a challenging task. BLASTing all the contigs from the contaminated transcriptome can provide insights into the contaminating organisms. Such information can then be used to help create a black list, but this process remains tedious and timeconsuming and lacks accuracy.
To overcome these issues, we developed a new decontamination method based on sequence clustering. The strength of the pipeline is that it clusters all sequences without alignment, based on frequent patterns found in sequences. This allows sequences that are unknown to databases, which represent a huge part of a de novo transcriptome, to be categorized with others. Database alignments are only used post-clustering to automatically identify which clusters are contaminants. The pipeline calculates an index value for each cluster based on bit-score values in user-selected taxa. This procedure eliminates the misclassification of sequences from underrepresented species in databases, which is a major weakness in alignmentbased methods. Consequently, there is no need to have extensive knowledge about the target and the contaminating organisms to run the MCSC decontamination method. This characteristic makes it well suited to clustering unknown transcripts, which is of main interest for de novo transcriptome decontamination.
Although MCSC, as well as its earlier version, DHCS (Xiong et al., 2011) , is a general clustering algorithm, it is quite interesting to see how well it performs on biological sequences (Xiong et al., 2011 (Xiong et al., , 2014 . Glouzon et al. (2014) successfully used the MCSC algorithm to cluster viroid RNA 454 sequences and identify new mutation patterns. We used the MCSC algorithm to create a method that was successfully applied to decontaminate multiple de novo transcriptome assemblies. We have shown that the method was efficient at decontaminating a de novo transcriptome assembled from field-harvested G. rostochiensis samples containing a myriad of other soil organisms (Fig. 4) . The method was also successful at decontaminating an L. oregonensis de novo transcriptome that was contaminated by the parasite nematode B. listronoti (Supplementary Fig. S2 ). For both transcriptomes, the MCSC clustering showed a clear separation between target and contaminating clusters (Figs 3-5) .
The MCSC-decontaminated transcriptomes showed a better top species distribution than their non-decontaminated counterparts did, with fewer overall contaminants and the loss of fewer target species sequences. The top species distribution of the MCSCdecontaminated G. rostochiensis transcriptome (Fig. 4B) was very similar to that of the reference transcriptome (Fig. 4C) . These results suggest that the MCSC algorithm removed the contaminating sequences while leaving the sequences from the organism of interest. The MCSC algorithm eliminated 88 747 transcripts from the reduced Trinity transcriptome, of which only 3624 (4.1%) had a BLAST hit on the reference transcriptome (Supplementary Table  S1 ). The MCSC decontamination method also increased the statistical power to identify DEGs (Table 1 ). The average P-value and adjusted P-value of the 1313 common DEGs were almost halved between the reduced Trinity and the MCSC-decontaminated transcriptomes. The method also removed many DEGs that were actually contaminants (Table 1) . Those improvements will help in obtaining better results from de novo DEG analysis.
By mixing the transcriptomes of C. elegans and G. rostochiensis, we simulated a transcriptome contamination, with C. elegans as the contaminant. This simulation was chosen because it poses several challenges. First, both organisms are from the same phylum and the same class. We can distinguish them by their orders, which are Tylenchida for G. rostochiensis and Rhabditida for C. elegans. Second, the literature and public databases contain very few sequences from Tylenchida in comparison with Rhabditida. The species distribution of the G. rostochiensis reference transcriptome (Fig. 4C) shows that the taxonomic orders of the top seven species are Rhabditida for four and Spirurida for three. The first Tylenchida is Heterodera glycines, in eighth position. This situation, where the BLAST of the target species hits on a contaminant species, is a worst-case scenario for every database alignment decontamination method. The MCSC decontamination method (Fig. 6) Table S3) , the method was able to produce a transcriptome with 12 937 transcripts, including 11 564 from the G. rostochiensis reference transcriptome. This results shows that even if a species is unknown or underrepresented in the database, the WR index in combination with MCSC clustering is a reliable method that can decontaminate two relatively close species.
Although post-assembly decontamination is of great interest, it would be ideal if a decontamination algorithm could be applied at the read level. Eliminating the contaminating reads prior to assembly would greatly improve the assembly process itself. The presence of contaminating reads results in larger de novo transcriptomes that contain more assembly errors and artifacts (Schmieder and Edwards, 2011 ). Today's mainstream sequencing technology produces short-length reads, for which most decontamination algorithms are not well suited. The short read length increases the likelihood that a given read sequence will harbor a high homology between the target species and one or more contaminating organisms. It is thus challenging to accurately link that one specific read to the white or black list. Our MCSC-based method was applied to raw DNA reads from G. rostochiensis cysts. Although the WR values were all lower than 0.1, they showed a clear separation between clusters ( Supplementary Fig. S3 ), the top species distribution of the target species cluster appeared to have many contaminating sequences remaining (Supplementary Fig. S4 ). This drop in performance in comparison with post-assembly decontamination was expected because of the short read length and the high level of contamination. The MCSC method still performed well, with only 2% of the removed reads having a BLAST hit on the G. rostochiensis (target) reference genome. These results suggest that the MCSC algorithm should perform well with longer raw reads. The current implementation of the MCSC algorithm uses only one processor. Future work should involve applying the algorithm in a multiprocessing environment to exploit the availability of high-performance, multicore workstations for decontaminating large raw-read datasets on large computer servers.
The MCSC algorithm can efficiently cluster different types of data (Glouzon et al., 2014; Xiong et al., 2014) . We showed that it can be a powerful tool for identifying and removing contaminating sequences from various de novo transcriptome assemblies. Our method is a general and powerful tool for decontamination. This new approach makes it possible to decontaminate a transcriptome without any prior knowledge of the contaminants. This method also correctly classifies sequences that are unknown to databases, without the need for alignment. Our results show that the MCSC decontamination method works on many contamination scenarios and helps to significantly improve de novo transcriptomes. In the coming years, the availability of NGS at lower cost will lead to whole-genome/transcriptome sequencing for exotic organisms for which no reference sequences are available. The MCSC-based method presented here provides an efficient way to decontaminate assemblies from non-model organisms by using the information contained in the sequences themselves. Using our method, we achieved decontamination levels and accuracy similar to what can be obtained when a reference genome is available. This tool should be used, or at least tried, in all projects in which sample contamination is unavoidable.
